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0 Tasks

1. Natural Language Understanding (NLU)
e.g., sentiment analysis, text similarity, paraphrase detection (GLUE Benchmark)

2. Natural Language Generation (NLG)

» Machine Translation * Review Generation
- Response Generation  Image / Video Captioning
. Generative QA * Narrative Generation / Story Telling

Generative Summarization * Poetry Generation
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1. Autoregressive Generation

 Generic Text Generation

x asequence with ntokens x = (x4, ..., xp,)

n
Modelling:  pg(x) = Hpe(xi|x<i)
i=1

D|

Dataset: D = {x1, ___,x|D|} wed LoSs: L(O) = —Zlogpg(x{“lxﬁi)
i=k

Decoding: x* = argmaxz: log pg (x;|x<;)
X [
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1. Autoregressive Generation

o Conditional Text Generation

n
x = (xq,...,Xy) condition ¢ Modelling: pg(x|c) = Hpg(xi|x<i,c)
i=1

Dataset: D = {(x', 1), ..., (xI?], c1”1)}

Decoding: x* = argmaxz log pg(x;|x<;, )
X [
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2. Non-Autoregressive Generation
e n
po(x;|x<;, ¢) Autoregressive

=1

l

pe(x|c) =
: pe(x|c) = fpg(xlz, C)pg(z|c)dz

n
Po (XlZ, C) — 1_[ pg(xilz, C)
=1

n
Hpg(xilC) Non-Autoregressive s
~ =1

Inference Speed
Local optimal search results
Lack of Context (e.g., Grammar Error Correction)
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. DataAugm_entatlon KR J
« Data Selection

Seq2Seq/VAE/GAN [ Rl }pg(x|c)

-

- _ « Top-k Sampling
Sampling< + Top-p Sampling ......

| R | <
x* = argmax pg(x|c) . Diverse Beam Search
X
L Beam Searchy ¢ Group Beam Search
8= 2= 8] K/ |V|T L « Stochastic Beam Search
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I:I Sampllng

X = X1,X0, ey Xy ey X x* = argmax PQ(X|C)
X
~ {argmax pg (X¢|x<s €)}r=1
Xt

1. Top-k Sampling
F—step t, MHEZRpg (x¢1x<, ©) AR RIKMEEtoken FR FEATIZ B LA

N
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2. Top-p Sampling / Nucleus Sampling (Holtzman et al., 2020)

F—step t, MBEZEpg (x¢|x<¢, ) TR HIMIKIE token H BE AT L EX 1A

E

LM HE: M
D polte = Wlxen ) 2 p
m=1

/.

x* = argmax pg(x|c) * FWULKES, BZT(E)FE—FBYIREMNER

* RMFH AT REME IRIL
®IfME. BLEU. ROUGE

Holtzman et al. The Curious Case of Neural Text Degeneration. ICLR 2020.
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1 Beam Search

1. Na'wve Beam Search

* a limited-width breadth first search
« stores the top-B highest scoring partial solutions at each time step

Beam Width/ Beam Size
F—t Y EEBeam candidated B —-~token

X x[t_l] — xl, xz, ...,xt_l
[y = {x[x[t-1) € Xpt-11llw € V}

Beam candidates/hypotheses

[''| =8B x|V
Xie—1] = (Xofe—1] Xa,[t-1] - XB,[t—1]} T V]

X[y = argtopB G(x ) DAY
j,[t] + Xi,[t],Vl -'/5]

Beam Score

6 (xpe) = Zlogpe(xllxl 1p€)
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2. Diverse Beam Search (Li et al., 2016) y =1

t
G(X[t]) = 2 log pg (xi|x[i—1]' C) ' = ¥ G 7.5
L, Y ¥ G=-75 —2=-95

= G(x[t_l]) + log pg (thx[t—ﬂ; C) T ANG=-77 -3=-107

</B>

= G(x[t_l]) + log pg (xt|x[t_1], c) —yx*k

y: diversity rate

k: the ranking of the current
hypothesis among its siblings

Li et al. A Simple, Fast Diverse Decoding Algorithm for Neural Generation. 2016.
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2. Diverse Beam Search (Li et al., 2016)
y: diversity rate

G(x[t_l]) + log pg (xt|x[t_1], c) —yx*xk

Automatically Learning Diversity Rate y 5T g 527
E N R Y AN N ?
exp(h'g . hy') )4 53 HU{iﬁtﬁﬂé.

Zy EXp(hZ ) hy)

n(y(c) =vy'[c) =

Li et al. A Simple, Fast Diverse Decoding Algorithm for Neural Generation. 2016.
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. Group Beam Search (Vijayakumar et al., 2018)

EJE Diversity: fE/EEt, 23K ZHThypotheses
2, T X = (X016 X210 - Xp (e} T HT T FI S AT HE T AS A [F]
% ¥rhypotheses7 AMZH, £:4HB’ = % D, thf RS gd, g =
il ovd (9 g
1';‘ 1,2,..,.M 7'9X[t] = {X0 [ 0 Xgr ey}
o ,
o diversity function
o 6(x10) = ) 1ogpe(xilxii-a),¢) g "
9y i=1
i, g vyh )\ _ g . h
B @ A (x[t]’X[t]) - z 0 (Xpep X[¢))
g—1 b=1
/ g\ _ g g h
G (x[t]) =G (x[t]) i 7‘2 Ay Xe1) Dissimilarity measure
h=1

Vijayakumar et al. Diverse Beam Search for Improved Description of Complex Scenes. AAAI 2018.
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3. Group Beam Search (Vijayakumar et al., 2018)

time t

:_ a flock of birds flying over a flock of birds flying over the ocean
2 —_— —_— —_— _— ——
;A flock birds flying in a flock of birds flying over a beach
v 4 v v
S birds flying over the water birds flying over the water in the sun
=
S birds flying over an ocean birds flying the water near a mountain
x 4 ¥
on . A Modify scores to include diversity: g Phitds fuins over 2 body OF wate
= several birds aIe : log Pr(‘the’) + A 3. A('several birds are the’) Several birds arc ying a y r
§ — _ :
; . - ; - : e
&) several birds ﬂy ’ log Pr(fover’) + A Y A(‘several birds fly over’) several birds ﬂylng SyEEd bOdy of water

H A hypothesesJHATH fE, HIAH L EHKEIC R !

« M = B, diversityff; %-hypothesesse 4= i 7k #ii, 18 1%
« M =1, iEB{k NJEBeam search; diversity LHe t, HE Rk

Vijayakumar et al. Diverse Beam Search for Improved Description of Complex Scenes. AAAI 2018.
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4. Stochastic Beam Search (Kool et al., 2019)

. HETNdiversity
o I F 5 F 45Beam SearchAH bb %A B & P41

Stochastic Beam Search

==

Xy = argtopK G (x[t]),x[t] eI,

HiEFtop K # 4 Mtop KHsample?

search

stochastic
) beam search

Kool et al. Stochastic Beams and Where to Find Them: The Gumbel-Top-k Trick for Sampling Sequences Without Replacement. ICML 2019.
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4. Stochastic Beam Search (Kool et al., 2019)

Yi asequence

t
G(y;) = 2 logpe (¥ i|vi<j» )
j=1

|

G(y;) = Go,~Gumbel(®;)

Gumbel(®;) = @; —log(—logU)

U~Uniform(0,1)

@; = logpg(y;lc)

yij J-thtokenin Y;

Theorem 1. For k < n, let I}, ....,I; = argtopkGy,.

Then 17, ...,1; is an (ordered) sample without replace-

ment from the Categorical (YZ eXpe“b"‘ - i€ N ) distribu-
jeN €XP P;

tion, e.g. for a realization 17, ..., 1;. it holds that

k
exp @;*
P(I; =i, I =if) =[] :

4)

where N = N \ {i],...,i;_,} is the domain (without
replacement) for the j-th sampled element.

Kool et al. Stochastic Beams and Where to Find Them: The Gumbel-Top-k Trick for Sampling Sequences Without Replacement. ICML 2019.
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4. Stochastic Beam Search (Kool et al., 2019)

Yi Gy, BRI 7719 /O NS IR ) — AN R) - Vi

3/ [ s R AN T E

s = V#Q/=—13.0
) 3.0 K G 7.2 by
e L X 6=-75 EG=-116-26 " 86 =-142
3.0
42 33 N 6=—77 23 AN G=-118 “ 56 =-146
2
<BG=-93"29"16=-122
</B>
31 FG=-92 _ S4B E=-132 G — G G b 1
12, =6=-104 (bS — INnax ¢ Y umoce S
4.4 30 he ———— k2. &/c::—u.e ’iES /;
22712 G=-62 33" G =-95 “#G=-118 -27
“fAG=-44< 54 2.7 “ B 6=-131
&0 TG =-70x- ; b
28 adl, G =-100 f26 =-119
.}‘IE]G:—7.7 '2'8(fq6—_98 G¢S — malX G¢S,
ATy S’ €Children(.S)

Kool et al. Stochastic Beams and Where to Find Them: The Gumbel-Top-k Trick for Sampling Sequences Without Replacement. ICML 2019.
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4. Stochastic Beam Search (Kool et al., 2019)

Algorithm 1 StochasticBeamSearch k

Gy = max Gy, ~ Gumbel(¢g) g (Do, )

1eS | : Input: one-step probability distribution pg, beam/sample size k

2: Initialize BEAM empty
3: add (" = @,¢6n =0,Gy,, =0)t0BEAM

G p— 1N ax G 4: fort =1,...,steps do

qu S/ Child S ¢S’ 5: Initialize EXPANSIONS empty
= 1 ren( ) 6: for (ys.qss,Gd)S) € BEAM do
f Z +— —0o0
8 for S’ € Children(S) do
~/ ~

9: b1+ bs + logpe(y® |y”)
10: Gy, ~ Gumbel(dgr)
11: Z(—lnax(Z,G¢S,)
12 end for
] 3 for S’ € Children(.S) do
14: Gd’s’ — —log(exp(—Gyg) —exp(—2) + exp(—G¢Sl )
1% add (yS/ ,Pgr, é(bs, ) to EXPANSIONS
16: end for
17:  end for i
18: BEAM < take top k of EXPANSIONS according to G
19: end for

20: Return BEAM

Kool et al. Stochastic Beams and Where to Find Them: The Gumbel-Top-k Trick for Sampling Sequences Without Replacement. ICML 2019.
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Deep Leamlng in Natural Language Processing
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Deep Learning (GITEREBESLHE) (ETFREXIMNERESLHIE)

lan Goodfellow and Yoshua Bengio = b TR \
and Aaron Courville I PP UpES
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Garbacea and Mei, Neural Language Generation: Formulation, Methods, and Evaluation
https://arxiv.org/abs/2007.15780

Zhou et al., Progress in Neural NLP: Modeling, Learning, and Reasoning
https://www.sciencedirect.com/science/article/pii/S2095809919304928

=K ZI, Controllable Text Generation: Types, Knowledge, and Logic

http://coai.cs.tsinghua.edu.cn/hml/media/files/controllable-text-generation.pdf

Lili Mou, Olga Vechtomovaert, ACL 2020 Stylized Text Generation Tutorial

https://sites.google.com/view/2020-stylized-text-generation/tutorial



http://coai.cs.tsinghua.edu.cn/hml/media/files/controllable-text-generation.pdf
https://arxiv.org/abs/2007.15780
https://www.sciencedirect.com/science/article/pii/S2095809919304928
https://sites.google.com/view/2020-stylized-text-generation/tutorial
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Xiaojun Wan
@ Peking University

“ https://wanxiaojun.github.io/

Lili Mou

University of Alberta

https://lili-mou.qgithub.io/

Minlie Huang
Tsinghua University

http://coai.cs.tsinghua.edu.cn/hml/
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O Jiuge System (1.3x): an Online Chinese poetry generation system

e @ e % o @ ° Online system https://jiuge.thunlp.org/

[ =
GitHub https://github.com/thunlp-aipoet
STy r— :
e KR A S
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$’hﬁ\;r TR E é}i ;5_
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-
=

« A paper list for the interdisciplinary field of Al and poetry
https://github.com/THUNLP-AIPoet/PaperList

e Chinese Poetry Datasets
https://github.com/THUNL P-AlPoet/Datasets
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Xiaoyuan Yi PhD Student =
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Mail: yi-xy@mails.tsinghua.edu.cn
Homepage: https://xiaoyuanyi.github.io/
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Any questions or suggestions, please feel free to email me!
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